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IMAGE UPSCALING WITH provided input . In other words , the network identifies 
CONTROLLABLE NOISE REDUCTION implicit relationships in the data . Unsupervised training is 

USING A NEURAL NETWORK used in deep neural networks as well as other neural net 
works and typically requires a large set of unlabeled data and 

TECHNICAL FIELD a longer training period . Once the training period completes , 
the neural network can be used to perform the task it was This description relates to image upscaling with control trained for . 

lable noise reduction using a neural network . In a neural network , the neurons are organized into layers . 
A neuron in an input layer receives the input from an BACKGROUND external source . A neuron in a hidden layer receives input 

Single image upscaling , or image super - resolution ( SR ) , from one or more neurons in a previous layer and provides 
output to one or more neurons in a subsequent layer . A may use systems and techniques to obtain a high - resolution 

( HR ) image from a low - resolution ( LR ) image . Issues may neuron in an output layer provides the output value . What 
occur when upscaling a LR image with potential noise 15 the output value represents depends on what task the net 
corruption , such as Joint Photographic Experts Group work is trained to perform . Some neural networks predict a 
( JPEG ) compression artifacts , sensor noise and / or other value given in the input . Some neural networks provide a 
noise . Various noises are inevitable in digital images . Some classification given the input . When the nodes of a neural 
noises are not perceivable in the original image resolution , network provide their output to every node in the next layer , 
but the noises may become strong artifacts after the images 20 the neural network is said to be fully connected . When the 
are upscaled using general upscaling techniques such that neurons of a neural network provide their output to only 
the noise is perceivable in the upscaled HR image . Upscal some of the neurons in the next layer , the network is said to 
ing techniques designed for noise - free images may have be convolutional . In general , the number of hidden layers in 
challenges distinguishing between noise and signal in image a neural network varies between one and the number of 
data . One approach to deal with this problem is to apply a 25 inputs . 
de - noising operation as a first process to reduce the noise To provide the output given the input , the neural network 
level in the low - resolution ( LR ) image , and then to upscale must be trained , which involves learning the proper value for the image in a separate second process so that the result a large number ( e.g. , millions ) of parameters for the map high - resolution ( HR ) image has less artifacts . A de - noising ping function . The parameters are also commonly referred to process is a process to reduce the noise in the image , where 30 as weights as they are used to weight terms in the mapping noise may generally refer to noise corruption as discussed 
above . One consequence of this two - step process is that any function . This training is an iterative process , with the values 

of the weights being tweaked over thousands of rounds of de - noising operation will also smooth out some original 
signal details , causing more blur in the resulting HR image . training until arriving at the optimal , or most accurate , 
More recently , neural networks , including deep neural 35 values . In the context of neural networks , the parameters are 

networks , have been used in single image upscaling . Despite initialized , often with random values , and a training opti 
using neural networks in single image upscaling , challenges mizer iteratively updates the parameters , also referred to as 
and problems remain , including the ones described above weights , of the network to minimize error in the mapping 
with respect to noise present in the original image resolution . function . In other words , during each round , or step , of 
As above , some upscaling techniques using neural networks 40 iterative training the network updates the values of the 
treat the de - noising and upscaling processes as two inde parameters so that the values of the parameters eventually 
pendent processes and combine the results from the two converge on the optimal values . 
processes in an ad - hoc manner . 

In general , neural networks , especially deep neural net SUMMARY 
works have been very successful in modeling high - level 45 
abstractions in data . Neural networks are computational According to one general aspect , systems and techniques 
models used in machine learning made up of nodes orga for converting a low resolution image to a high resolution 
nized in layers . The nodes are also referred to as artificial image include receiving a low resolution image having one 
neurons , or just neurons , and perform a function on provided or more noise artifacts at a neural network and receiving a 
input to produce some output value . A neural network 50 noise reduction level at the neural network . The neural 
requires a training period to learn the parameters , i.e. , network determines a network parameter based on the noise 
weights , used to map the input to a desired output . The reduction level . The neural network converts the low reso 
mapping occurs via the function . Thus , the weights are lution image to a high resolution image and removes one or 
weights for the mapping function of the neural network . more of the noise artifacts from the low resolution image 

Each neural network is trained for a specific task , e.g. , 55 during the converting using the network parameter . The 
image upscaling , prediction , classification , encoding , etc. neural network outputs the high resolution image . 
The task performed by the neural network is determined by Implementations may include one or more of the follow 
the inputs provided , the mapping function , and the desired ing features . For example , the neural network may convert 
output . Training can either be supervised or unsupervised . In the low resolution image to the high resolution image and 
supervised training , training examples are provided to the 60 remove one or more of the noise artifacts at a same time . The 
neural network . A training example includes the inputs and received noise reduction level may be from one of a multiple 
a desired output . Training examples are also referred to as user - selectable noise reduction levels . 
labeled data because the input is labeled with the desired The neural network includes a weight composing network 
output . The network learns the values for the weights used and an upscaling network . The weight composing network 
in the mapping function that most often result in the desired 65 determines the network parameter based on the noise reduc 
output when given the inputs . In unsupervised training , the tion level . The upscaling network uses the network param 
network learns to identify a structure or pattern in the eter determined by the weight composing network to convert 
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the low resolution image to the high resolution image and to In the single neural network that performs both noise 
remove one or more of the noise artifacts from the low reduction and upscaling , the noise reduction input adjusts 
resolution image . the weights that are calculated by the weight composing 

In some implementations , the weight composing network network and the weights , or network parameter , output from 
is configured to receive the noise reduction level from 5 the weight composing network are used as input to the 
multiple possible noise reduction levels and the weight upscaling network . In this manner , the noise reduction is 
composing network includes multiple network parameters , independent of the size of the image . The image is not being 
where each of the network parameters is shared by multiple input into the weight composing network , but instead is 
different noise reduction levels from the multiple possible input into the upscaling network which uses the weights 
noise reduction levels . The weight composing network and 10 calculated by the weight composing network based on the 
the upscaling network may be jointly trained using multiple selected noise reduction level to reduce the noise and 
low resolution images having known different noise levels upscale the image at the same time . In this manner , the size paired with corresponding high resolution images having no of the image does not matter and the process is efficient for noise . even very large image sizes . This is advantageous and may The details of one or more implementations are set forth 15 result in faster processing over prior systems and techniques in the accompa - nying drawings and the description below . 
Other features will be apparent from the description and that were dependent on the size of the image . For example , 
drawings , and from the claims . the processing time for prior systems and techniques that 

perform a noise reducing algorithm directly on the image are 
BRIEF DESCRIPTION OF THE DRAWINGS 20 dependent on the size of the image because the noise 

reducing algorithm is acting on each of the pixels in the 
FIG . 1 is a block diagram of a system for image upscaling image , which may result in a slower noise reducing process 

using a neural network . for large images with many pixels . The computations per 
FIG . 2a is a HR image with a noise reduction level of 0 . formed in the de - noising process in prior systems are 
FIG . 2b is a HR image with a noise reduction level of 80. 25 directly proportional to the size of the image . Even for 
FIG . 3 is a block diagram of an example upscaling smaller images the prior noise reducing algorithms may be 

network . slower because the algorithms act on each of the pixels . In 
FIG . 4 is an example process illustrating example opera contrast , the single neural network described herein is not 

tions of the system of FIG . 1 . acting on each of the pixels in the image , but instead 
30 accounts for noise reduction by modifying the weights 

DETAILED DESCRIPTION calculated by the weight composing network being input to 
the upscaling network . In this manner , the size of the image 

Systems and techniques use a single neural network does not affect the computations performed by the weight 
upscale a LR image to an HR image and reduce the noise composing network and the computations are not directly 
( also referred to as de - noising or noise reduction ) in the 35 proportional to the size of the image . 
image at the same time . The single neural network achieves The single neural network is trained to both reduce noise 
both de - noising and upscaling of the LR image to the HR in the image and to upscale the image . That is , the single 
image simultaneously . A single process is used to perform neural network is trained to perform both tasks jointly . The 
noise reduction and upscaling for an input image in contrast single neural network is a single compact model that can be 
to conventional techniques of using a pre - processing step to 40 deployed or incorporated as part of an application to accept 
perform noise reduction directly on the image and then to as input an image and noise reduction levels . During train 
perform upscaling on the image . ing , generated input LR images with various noise levels are 

The single neural network includes a weight composing paired with corresponding clean HR images . The model is 
network and an upscaling network with an image input to the trained on these pairs conditioned on the known noise level . 
upscaling network and a user - controllable noise reduction 45 To reduce the model parameters used for different noise 
level input to the weight composing network . The user levels , a parameter sharing scheme is used that constructs 
controllable noise reduction level input allows users to new parameters as the linear combinations of a small set of 
choose the best trade - offs between noise reduction and detail weight basis . A regularization method is applied to make the 
preservation . The single neural network takes a LR image training of the shared parameters fast and stable . The single 
and an integer noise level as inputs . The single neural 50 neural network is trained as part of an end - to - end process 
network estimates the best HR image result corresponding to and can be trained to reduce one or more different types of 
a given input noise reduction level . A graphical user inter noise . Each different type of noise reduction level may 
face ( GUI ) is used to enable user - control of the noise include a separate user - controllable input in a GUI to set a 
reduction level and to allow viewing of the results of the desired noise reduction level . 
upscaling and noise reduction process on the image output 55 The systems and techniques described in this document 
from the neural network . The GUI enables the user to select relating to the single neural network significantly improve 
and change the noise reduction level and to view the results the upscaling quality on noisy input LR images . An easy 
of the combined upscaling and noise reduction process for to - use GUI allows a user to determine the desired trade - off 
different noise reduction levels . between noise reduction and detail preservation . The single 

Using the single neural network to perform both noise 60 neural network model size is much smaller compared with 
reduction and upscaling at the same time preserves the detail training multiple , different models for each noise level . The 
information of the image signals to the maximum extent . computations performed by the single neural network model 
This is advantageous over prior systems and techniques that trained for different noise levels is similar to models trained 
first performed a noise reduction process directly on the for only one noise level . The systems and techniques for the 
image , which may cause some detail information of the 65 single neural network can be applied to general noise types 
image signals to be lost and not available or recoverable for including , for example , compression noise , quantization 
the image upscaling process . noise , sensor noise and other noise types . The systems and 
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techniques for the single neural network also can be applied composing network 114 and an upscaling network 116 , as 
to different network architectures . discussed in more detail below . 

FIG . 1 is a block diagram of a system 100 for converting The application 108 also includes a user interface 118 
a LR image having noise artifacts to an HR image using a having an upscale tool 119 , a noise reduction tool 120 and 
single neural network . The system 100 includes a computing 5 a display window 122. The user interface 118 includes other 
device 102 having at least one memory 104 , at least one elements and components , such as other tools used for image processor 106 and at least one application 108. The com editing and image manipulation and graphic design for use 
puting device 102 may communicate with one or more other as part of the application 108 , which are not described here computing devices over a network 110. For instance , the 
computing device 102 may communicate with a computing 10 instance , the user interface 118 may include a work area to but which also form a part of the application 108. For 
device 111 over the network 110. The computing device 102 create a design using text and images as well as many tools may be implemented as a server , a desktop computer , a 
laptop computer , a mobile device such as a tablet device or and layers that may be used to create the design in the work 
mobile phone device , as well as other types of computing 
devices . Although a single computing device 102 is illus- 15 The user interface 118 may access images from the at least 
trated , the computing device 102 may be representative of one memory 104 or from other storages locations either 
multiple computing devices in communication with one locally on computing device 102 or remotely on other 
another , such as multiple servers in communication with one computing devices accessed across the network 110. The 
another being utilized to perform its various functions over user interface 118 may provide a LR image having one or 
a network . 20 more noise artifacts to the neural network 112 and , more 

The at least one processor 106 may represent two or more specifically , to the upscaling network 116. The user interface 
processors on the computing device 102 executing in par 118 may include an upscale tool 119 to enable a user to select 
allel and utilizing corresponding instructions stored using a desired upscaling level for a selected image . For example , 
the at least one memory 104. The at least one memory 104 the upscale tool 119 may allow a user to select an upscale 
represents a non - transitory computer - readable storage 25 factor to upscale the resolution of the image multiple times 
medium . Of course , similarly , the at least one memory 104 the original resolution of the image . In this manner , the 
may represent one or more different types of memory image is converted from a LR image to a HR image . The 
utilized by the computing device 102. In addition to storing upscale factor may be an integer having different values . In 
instructions , which allow the at least one processor 106 to some implementations , the upscale factor may include a 
implement the application 108 and its various components , 30 range of 1 to 4. For instance , if an upscale factor of 2 is 
the at least one memory 104 may be used to store data , such selected , the resolution of the original image will be 
as one or more of the objects generated by the application upscaled twice its original resolution . Thus , an image that is 
108 and its components used by the application 108 . 100 pixelsx100 pixels will be scaled to a size of 200 

The network 110 may be implemented as the Internet , but pixelsx200 pixels . 
may assume other different configurations . For example , the 35 Additionally , the upscale tool 119 may be used to upscale 
network 110 may include a wide area network ( WAN ) , a a portion of an image . The upscale tool 119 may include a 
local area network ( LAN ) , a wireless network , an intranet , selector to select the portion of the image for upscaling by 
combinations of these networks , and other networks . Of the neural network 112. In this application , image is used to 
course , although the network 110 is illustrated as a single refer to both an entire image and a portion of an image 
network , the network 110 may be implemented as including 40 because when input into the neural network 112 for upscal 
multiple different networks . ing and de - noising 

The application 108 may be accessed directly by a user of The noise reduction tool 120 , also referred to as a selector 
the computing device 102. In other implementations , the tool , enables a user to select a noise reduction level from 
application 108 may be running on the computing device multiple different noise reduction levels . The noise reduction 
102 as a component of a cloud network where a user 45 tool 120 works in conjunction with the upscaling tool 119 to 
accesses the application 108 from another computing device enable the user to both provide an image for upscaling and 
over a network , such as the network 110. In one implemen to remove noise artifacts from the image as it is being 
tation , the application 108 may be an image editing appli upscaled . The user can control the noise reduction level to 
cation or application that includes features and functionality choose the best trade - off between noise reduction and detail 
to enable image editing and / or image manipulation . The 50 preservation in the image . 
image editing application may be a standalone application The noise reduction tool 120 provides the noise reduction 
that runs on the computing device 102. Alternatively , the level to the neural network 112 and more specifically to the 
image editing application may be an application that runs in weight composing network 114. The noise reduction level 
another application such as a browser application . The may be an integer , for example , an integer between 0 and 
image editing application enables a user to edit and manipu- 55 100. The weight composing network 114 receives the noise 
late images . reduction level and determines the optimal network param 

The application 108 enables a user to convert or upscale eter for the selected noise reduction level . The weight 
a LR image to a HR image . The application 108 also enables composing network 114 provides the network parameter to 
the user to reduce or remove noise artifacts or de - noise the the upscaling network 116 . 
LR image as an integrated part of the conversion process . In 60 In some implementations , the noise reduction tool 120 
this manner , the application 108 can simultaneously upscale may include a single selector for selection of a noise 
an input LR image and reduce the noise in the image . The reduction level . In some implementations , the noise reduc 
application 108 includes a neural network 112 that is con tion tool 120 may include multiple selectors with each 
figured to convert the LR image to the HR image and , at the selector matched with a different type of noise to be reduced . 
same time , reduce the noise in the LR image . The neural 65 With multiple selectors , the user can select which noise 
network 112 is a single neural network model ( or single types to perform noise reduction on the image by the neural 
neural network ) that includes two components : a weight network . In this manner , the noise reduction tool 114 may 
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provide multiple different noise reduction levels to the to convert a to ca , and the multiplication with W is just a 
neural network 112 for input to the weight composing linear layer . W and { ca } are the learnable parameters in the 
network 114 . weight composing network 114. The weight composing 

The upscaling network 116 receives the LR image and the network 114 then send the corresponding network parameter 
upscale factor from the user interface 118. The upscaling 5 to the upscaling network 116. The upscaling network 116 
network 116 converts the LR image to a HR image and , at applies the network parameter to create weights that reflect 
the same time , removes one or more noise artifacts from the a desired noise level and scaling level . LR image during the converting using the network param Referring to FIG . 3 , a block diagram of an example eter provided by the weight composing network 114. The upscaling network 116 is illustrated . The upscaling network upscaling network 116 outputs the HR image to the user 10 116 can incorporate any deep network based image upscal interface 118 for display using the display window 122 . 

The image conversion process may be repeated for the ing method with parameter w for any upscaling factor . FIG . 
same image using different noise reduction levels . For 3 illustrates one example network structure for the upscaling 
instance , the user may want to network 116. The upscaling network 116 includes several the output HR image compare 
results for different noise reduction levels . After upscaling is convolutional layers 302 and 304 interleaved with some 
the image a first time using a first noise reduction level , the non - linear response layers . In FIG . 3 , " cony ” stands for 
user may use the noise reduction tool 120 to select a different convolution , " norm ” stands for normalization 306 and 308 , 
noise reduction level . The different noise reduction level is and A / B / C are linear transforms 310 , 312 and 314 with 
input into the weight composing network 114 , which deter rectified linear activation functions 316 and 318 in between . 
mines a different network parameter for the different noise 20 The convolution and linear layers have learnable param 
reduction level and provides that different network param eters , which are generally represented as weight w here . 
eter as input to the upscaling network 116. The upscaling Referring back to FIG . 1 , the neural network 112 may first 
network 116 converts the same LR image to a new HR be trained before it is incorporated as part of the application 
image and removes one or more of the noise artifacts using 108. The weight composing network 114 includes multiple 
the different network parameter during the conversion pro- 25 network parameters , where each of the network parameters 
cess . The upscaling network 116 outputs the different HR is shared by multiple different noise reduction levels . In this 
image for display on the user interface 118 using the display manner , the overall size of the neural network is kept smaller 
window 122 . and compact and provides for easier deployment to com 

Referring to FIGS . 2a and 2b , a LR image of a zebra has puting device 102 as part of the application 108. The 
been upscaled using the application 108 and the neural 30 compact size of the neural network 112 is due to the training 
network 112. FIG . 2a illustrates the resulting HR image 202 techniques used to train the network . The weight composing 
of the zebra using a noise reduction level of 0 and FIG . 26 network 114 and the upscaling network 116 may be jointly 
illustrates the resulting image 204 of the zebra using a noise trained using multiple LR images having known different 
reduction level of 80. The noise reduction levels were noise levels paired with corresponding high resolution 
selected using the noise reduction tool 120 and input into the 35 images having no noise . 
weight composing network 114. The weight composing In one implementation , the neural network may be trained 
network 114 determines the optimal network parameter to using a different computing device , such as computing 
input to the upscaling network 116 for the select noise device 111 , which includes neural network training module 
reduction level . The upscaling network 116 uses the network 124. To generate training data , general natural images may 
parameter to upscale the image and to remove noise artifacts 40 be used as the paired HR images , then down - sampled with 
and then outputs the HR image for display in the display noise added to generate the corresponding noisy LR images . 
window 122 of the user interface 118 . JPEG compression with different quality level may be 

In HR image 202 of FIG . 2a , a low noise level of 0 applied to the LR image as noise corruption . There are 100 
provides a result with more texture details as well as heavy JPEG quality levels , with another level added for without 
noise and noise artifacts . While in the HR image 204 of FIG . 45 any JPEG compression . In this way , there are in total 101 
2b , a high noise level of 80 can suppress most noises at the noise levels for a . Each triple of ( HR image , LR image , noise 
expense of losing some fine detail in the image . level ) may be saved as one training sample in the neural 

Referring back to FIG . 1 , the weight composing network network training module 124. Data augmentations such as 
114 determines the optimal network parameter wa given the translation and rotation are used as normal . 
noise level a . The noise level a is received from the noise 50 As mentioned , the upscaling network 116 and weight 
reduction tool 120. The weight composing network 114 composing network 114 are jointly trained . In one imple 
takes the noise level a , which is an integer between 0 and mentation , they are jointly trained using conventional back 
100 in one example implementation . For each a , the weight propagation , with the root mean square error between the 
composing network 114 will output a corresponding weight , predicted and target HR images as the loss function . As we 
also referred to as a network parameter , W.ER " , which is 55 define w? = W.ca where both W and ca can be learned , there 
further used to parameterize the upscaling network 116. One is an ambiguity about the scale of the two variables which 
straightforward way to do this is to learn 101 individual may make the learning unstable . To fix this issue , a two 
weights Wa . However , this is neither effective for training stage learning strategy may be used . 
nor efficient for model storage . Instead , it is assumed that all First , k is selected out of the 101 latent codes { ca } and fix 
the { wa } lie in a low dimensional latent space R * with 60 these k vectors as the columns in the kxk identity matrix . In 
k << 101 . In this way , each wa can be represented as this way , the k columns in W are just the network parameters 

{ wa } for the selected k noise levels . We select a = { 0 , 10 , 30 , wa = W.ca 60 , 100 } to make the weight basis spread over all levels . 
where WER is the base weight matrix , caER * is the Once the subset of { ca } is fixed as identity matrix , all the 
latent code for noise level a . 65 remaining parameters are trained with conventional back 

In some implementations , it is chosen for k = 5 . In the propagation . Since the scale of W is properly constrained , 
weight composing network 114 , a lookup table layer is used training is more stable and efficient . 

dxk 
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The network obtained in the first stage may be sub unit suitable for use in a computing environment . A com 
optimal , as we apply a hard constraint to make the latent puter program can be deployed to be executed on one 
codes orthogonal to each other for the k selected noise computer or on multiple computers at one site or distributed 
levels . Therefore , in the second stage , the constraint is across multiple sites and interconnected by a communication 
removed on all latent codes { ca } , and fix the W learned from 5 network . 
previous stage . Then , the entire network is trained again Method steps may be performed by one or more program 
until convergence . It is observed that after the second stage , mable processors executing a computer program to perform prediction accuracy increases noticeably for those noise functions by operating on input data and generating output . levels constrained in the first stage . Method steps also may be performed by , and an apparatus It is also observed that it is helpful to initialize the column 10 may be implemented as , special purpose logic circuitry , e.g. , in W corresponding to a = 0 from the parameters of a model 
trained on noise - free images . This significantly speeds up an FPGA ( field programmable gate array ) or an ASIC 

( application - specific integrated circuit ) . training , and sometimes even improves final upscaling qual Processors suitable for the execution of a computer pro ity on other noise levels . This may be because the easier task of noise - free upscaling can serve as a guide for the other 15 gram include , by way of example , both general and special 
more challenging tasks on noisy images . This results is a purpose microprocessors , and any one or more processors of 
neural network model size that is much smaller compared any kind of digital computer . Generally , a processor will 
with training multiple models for each noise level . receive instructions and data from a read - only memory or a 

Referring to FIG . 4 , a process 400 illustrates example random access memory or both . Elements of a computer 
operations of the system 100 of FIG . 1. Process 400 includes 20 may include at least one processor for executing instructions 
receiving a LR image having one or more noise artifacts at and one or more memory devices for storing instructions and 
a neural network ( 402 ) . For example , the neural network 112 data . Generally , a computer also may include , or be opera 
may receive the LR image . More specifically , the upscaling tively coupled to receive data from transfer data to , or 
network 116 may receive the LR image . both , one or more mass storage devices for storing data , e.g. , 

Process 400 includes receiving a noise reduction level at 25 magnetic , magneto - optical disks , or optical disks . Informa 
a neural network ( 404 ) . For example , the neural network 112 tion carriers suitable for embodying computer program 
may receive the noise reduction level . More specifically , the instructions and data include all forms of non - volatile 
weight composing network 114 may receive the noise reduc memory , including by way of example semiconductor 
tion level . memory devices , e.g. , EPROM , EEPROM , and flash Process 400 includes determining a network parameter 30 memory devices ; magnetic disks , e.g. , internal hard disks or based on the noise reduction level by the neural network removable disks ; magneto - optical disks ; and CD - ROM and ( 406 ) . For example , the neural network 112 may determine DVD - ROM disks . The processor and the memory may be the network parameter based on the noise reduction level . 
More specifically , the weight composing network 114 may supplemented by , or incorporated in special purpose logic 
determine the network parameter based on the noise reduc- 35 circuitry . 
tion level . To provide for interaction with a user , implementations 

Process 400 includes converting the LR image to a HR may be implemented on a computer having a display device , 
image and removing one or more of the noise artifacts from e.g. , a cathode ray tube ( CRT ) or liquid crystal display 
the low resolution image during the converting by the neural ( LCD ) monitor , for displaying information to the user and a 
network using the network parameter ( 408 ) . For example , 40 keyboard and a pointing device , e.g. , a mouse or a trackball , 
the neural network 112 converts the LR image to a HR by which the user can provide input to the computer . Other 
image and removes one or more of the noise artifacts from kinds of devices can be used to provide for interaction with 
the low resolution image during the converting using the a user as well ; for example , feedback provided to the user 
network parameter . More specifically , the upscaling network can be any form of sensory feedback , e.g. , visual feedback , 
116 converts the LR image to a HR image and removes one 45 auditory feedback , or tactile feedback ; and input from the 
or more of the noise artifacts from the low resolution image user can be received in any form , including acoustic , speech , 
during the converting using the network parameter . or tactile input . 

Process 400 includes outputting the HR image ( 410 ) . For Implementations may be implemented in a computing 
example , the neural network 112 may output the HR image . system that includes a back - end component , e.g. , as a data Specifically , the upscaling network 116 may output the HR 50 server , or that includes a middleware component , e.g. , an image . The outputting of the image may include simply a application server , or that includes a front - end component , transformation of change of the LR image to the resulting 
HR image . e.g. , a client computer having a graphical user interface or 

a Web browser through which a user can interact with an Implementations of the various techniques described 
herein may be implemented in digital electronic circuitry , or 55 implementation , or any combination of such back - end , 
in computer hardware , firmware , software , or in combina middleware , or front - end components . Components may be 
tions of them . Implementations may be implemented as a interconnected by any form or medium of digital data 
computer program product , i.e. , a computer program tangi communication , e.g. , a communication network . Examples 
bly embodied in an information carrier , e.g. , in a machine of communication networks include a local area network 
readable storage device , for execution by , or to control the 60 ( LAN ) and a wide area network ( WAN ) , e.g. , the Internet . 
operation of , data processing apparatus , e.g. , a program While certain features of the described implementations 
mable processor , a computer , or multiple computers . A have been illustrated as described herein , many modifica 
computer program , such as the computer program ( s ) tions , substitutions , changes and equivalents will now occur 
described above , can be written in any form of programming to those skilled in the art . It is , therefore , to be understood 
language , including compiled or interpreted languages , and 65 that the appended claims are intended to cover all such 
can be deployed in any form , including as a stand - alone modifications and changes as fall within the scope of the 
program or as a module , component , subroutine , or other embodiments . 
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What is claimed is : indicate a noise reduction level selected by a user 
1. A computer - implemented method for converting a low from a plurality of user - selectable noise reduction 

resolution image to a high resolution image , the method levels ; and 
comprising : a neural network configured to : 

receiving , at a neural network , the low resolution image receive the low resolution image and the noise 
having one or more noise artifacts , the low resolution reduction level , 
image selected by a user via a graphical user interface determine a network parameter based on the noise 
( GUI ) ; reduction level , 

receiving , at the neural network , a noise reduction level , convert the low resolution image to the high reso 
the noise reduction level selected by a user from a lution image and remove one or more of the noise 
plurality of user - selectable noise reduction levels indi artifacts from the low resolution image during the 
cated on the GUI ; converting using the network parameter , and 

determining , by the neural network , a network parameter output the high resolution image for display on the 
based on the noise reduction level ; GUI . 

converting , by the neural network , the low resolution 9. The system of claim 8 , wherein the neural network 
image to the high resolution image and removing one converts the low resolution image to the high resolution 
or more of the noise artifacts from the low resolution image and removes one or more of the noise artifacts at a 
image during the converting by the neural network same time . 
using the network parameter ; and 10. The system of claim 8 , wherein the GUI comprises a 

outputting the high resolution image . selector tool to select one of the plurality of user - selectable 
2. The method as in claim 1 , wherein converting the low noise reduction levels . 

resolution image to the high resolution image and removing 11. The system of claim 8 , wherein the neural network 
one or more of the noise artifacts is performed at a same time comprises a weight composing network and an upscaling 
by the neural network . 25 network . 

3. The method as in claim 1 , wherein the neural network 12. The system of claim 11 , wherein the weight compos 
comprises a weight composing network and an upscaling ing network is configured to determine the network param 
network . eter based on the noise reduction level . 

4. The method as in claim 3 , wherein determining the 13. The system of claim 12 , wherein the upscaling net 
network parameter includes determining , by the weight 30 work is configured to : 
composing network , the network parameter based on the convert the low resolution image to a high resolution 
noise reduction level . image and remove one or more of the noise artifacts 

from the low resolution image during the converting 5. The method as in claim 4 , wherein converting the low using the network parameter ; and resolution image to the high resolution image and removing output the high resolution image for display on the GUI . 
one or more of the noise artifacts from the low resolution 14. The system of claim 8 , wherein : image comprises converting , by the upscaling network , the the GUI is configured to indicate a different noise reduc 
low resolution image to the high resolution image and tion level selected by the user , and 
removing one or more of the noise artifacts from the low the neural network is configured to : 
resolution image during the converting using the network 40 determine a different network parameter based on the 
parameter determined by the weight composing network . different noise reduction level , 
6. The method as in claim 1 , further comprising : convert the low resolution image to a different high 
receiving a different noise reduction level at the neural resolution image and remove one or more of the 

network ; noise artifacts from the low resolution image during 
determining , by the neural network , a different network 45 the converting using the different network parameter , 

parameter based on the different noise reduction level ; and 
converting , by the neural network , the low resolution output the different high resolution image for display 
image to a different high resolution image and remov on the GUI . 
ing one or more of the noise artifacts from the low 15. A system for converting a low resolution image to a 
resolution image during the converting using the dif- 50 high resolution image , the system comprising : 
ferent network parameter ; and at least one memory including instructions ; and 

outputting the different high resolution image . at least one processor that is operably coupled to the at 
7. The method as in claim 6 , wherein receiving the least one memory and that is arranged and configured 

different noise reduction level includes receiving the differ to execute instructions that , when executed , cause the at 
ent noise reduction level from one of a plurality of user- 55 least one processor to implement a neural network , the 
selectable noise reduction levels . neural network comprising : 

8. A system for converting a low resolution image to a a weight composing network that is configured to 
high resolution image , the system comprising : receive a noise reduction level from a user selection 

at least one memory including instructions ; and of the noise reduction level from a plurality of 
at least one processor that is operably coupled to the at 60 user - selectable noise reduction levels indicated on a 

least one memory and that is arranged and configured graphical user interface ( GUI ) and to determine a 
to execute instructions that , when executed , cause the at network parameter based on the noise reduction 
least one processor to implement an application , the level ; and 
application comprising : an upscaling network that is configured to : 
a graphical user interface ( GUI ) configured to : receive the low resolution image having one or more 

indicate a selection from a user of the low resolution noise artifacts from a user selection of the low 
image having one or more noise artifacts , and resolution image via the GUI , 

35 
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convert the low resolution image to the high reso 
lution image and remove one or more of the noise 
artifacts from the low resolution image using the 
network parameter from the weight composing 
network ; and 

output the high resolution image . 
16. The system of claim 15 , wherein : 
the weight composing network comprises a plurality of 

network parameters , wherein each of the network 
parameters is shared by multiple different noise reduc- 10 
tion levels from the plurality of noise reduction levels . 

17. The system of claim 15 , wherein the weight compos 
ing network and the upscaling network are jointly trained 
using multiple low resolution images having known differ 
ent noise levels paired with corresponding high resolution 15 
images having no noise . 

18. The system of claim 15 , wherein the upscaling net 
work is further configured to apply the network parameter to 
create weights that reflect a desired noise level and scaling 
level . 20 


